Determining optimal number of clusters in a dataset is a challenging task. Though some methods are available, there is no algorithm that produces unique clustering solution. The paper proposes an Automatic Merging for Single Optimal Solution (AMSOS) which aims to generate unique and nearly optimal clusters for the given datasets automatically. The AMSOS is iteratively merges the closest clusters automatically by validating with cluster validity measure to find single and nearly optimal clusters for the given data set.
Introduction
specified that the partitional clustering technique, k-means, is the most computationally simple and efficient clustering method. Wu et al. (2008) have shown that the k-means was one of the top ten algorithms in data mining. Although the k-means method has a number of advantages over other data clustering methods, the specification of number of clusters is a priori, which is usually unknown.
Discovering an optimal number of clusters in a large data set is usually a challenging task. Jain (2010) shown a number of methods to determine k in k-means type algorithms.. Cheung (2005) studied a rival penalized competitive learning algorithm, and Xu ( 1997 Xu ( , 1996 has demonstrated a very good result in finding the cluster number. The algorithm is formulated by learning the parameters of a mixture model through the maximization of a weighted likelihood function. In the learning process, some initial seed centers move to the genuine positions of the cluster centers in a data set, and other redundant seed points will stay at the boundaries or outside of the clusters. Guo et.al (2002) have provided a unified algorithm for both unsupervised and supervised learning for solving the problem of selection of the cluster number. Lee and Antonsson (2000) used an evolutionary method to dynamically cluster a data set. Sarkar,et al,. (1997) and Fogel, Owens, and Walsh (1966) are proposed an approach to dynamically cluster a data set using evolutionary programming, where two fitness functions are simultaneously optimized: one gives the optimal number of clusters, whereas the other leads to a proper identification of each cluster's centroid.
In the second phase, iteratively a low probability cluster is merged with its closest cluster using average linkage after validating with cluster validity metric. The proposed AMSOS is aimed to meet requirements as 1) nearly optimal clusters and 2) unique clustering solution. Experiments on both synthetic and real data sets from UCI prove that the proposed algorithm finds nearly optimal results in terms of compactness and separation.
Section (2) deals with formulation of the proposed algorithm, while section (3) illustrates the effectiveness of the new algorithm experimenting results on synthetic, real, and micro array data sets.
Comments on the results of AMSOS are included in Section (4) and finally concluding remarks are included in section (5).
Materials and Methods
Let P = {P1, P2,… , Pm} be a set of m objects in which each object Pi is represented as [pi,1,pi,2,…pi,n] where n is the number of features .
Automatic Merging for Single Optimal Solution
The choice of the initial seeds was done by SPSS in AMSOS. The SPSS is an optimal seed selection algorithm that produces unique set of initial seeds to k-means type algorithms and is a modification to k-means++ proposed by Arthu and Vassilvitskii (2007) . Thus the AMSOS produces single and nearly optimal clustering solution. In the clustering literature Pal and Bezdek (1995) reported that the number of clusters in the data set is in the range from 2 to m . The AMSOS algorithm first finds kmax = m clusters using k-means and iteratively merges the lower probability cluster with its closest cluster according to average linkage and validates the merging result using Rand Index which is proposed by Rand (1971) . The probability of cluster A is as follows.
where A is number of elements belongs to cluster A and X is the total number of elements in the original dataset, X. The distance between two clusters is measured using average linkage i.e. the distance between two clusters, D( C i ,C j ) is computed as the average distance between elements from the first cluster and elements from the second cluster and as shown in the following equation.
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Steps:
1. Initialize kmax, number of clusters to the square root of total number of objects 2. Assign kmax objects using SPSS to the cluster centroids 3. Find the clusters using k-means 4. Compute Rand index 5. Find a cluster that has least probability and merge with its closest cluster. Recompute centroids, Rand index and decrement the number of clusters by one. If the newly computed Rand index is greater than the previous Rand index, then update Rand Index, number of clusters and cluster centroids with the newly computed values.
6. If step 5 has been executed for each and every cluster, then go to step7, otherwise got to step5.
7. If there is no change in number of clusters, then stop, otherwise go to step2
Data sets
The efficiency of new algorithms are evaluated by conducting experiments on four artificial data sets, three real datasets down loaded from the web site UCI and two microarray data sets (two yeast data sets) The real microarray data sets used:
1. The yeast cell cycle data (Cho et al., 1998) showed the fluctuation of expression levels of approximately 6000 genes over two cell cycles (17 time points). We used two different subsets of this data with independent external criteria. The first subset (the 5-phase criterion) consists of 384 genes whose expression levels peak at different time points corresponding to the five phases of cell cycle (Cho et al., 1998) . We expect clustering results to approximate this five class partition.
Hence, we used the 384 genes with the 5-phase criterion as one of our data sets.
2. The second subset (the MIPS criterion) consists of 237 genes corresponding to four categories in the MIPS database (Mewes et al., 1999) . The four categories (DNA synthesis and replication, organization of centrosome, nitrogen and sulphur metabolism, and ribosomal proteins) were shown to be reflected in clusters from the yeast cell cycle data (Tavazoie et al., 1999) .
The four synthetic data sets from Np(µ, ∑) with specified mean vector and variance covariance matrix are as follows.
1.
Number of elements, m=350, number of attributes, n=3, number of clusters, k =2 with 
m=800, n=2, k=6;
Experimental Results
The clustering results of AMSOS are compared with the results of K-means, k-means++, SPSS, a method to obtain robust optimal centroids in a single pass , which is developed by Karteeka (2011), fuzzy-kmeans, and Automatic Clustering using Differential Evolution (ACDE) to determine optimal clusters.
The k-means, k-means++, Fuzzy-k and SPSS algorithms are implemented with the number of clusters as equal to the number of classes in the ground truth.
Presentation of Results
While comparing the performance of AMSOS with the other techniques (k-means, k-means++, fuzzy-k, SPSS, ACDE) we are concentrating on two major issues: 1) quality of the solution as determined by Error rate and with cluster validity measures Rand, has proposed by Rand (1971) , Adjusted Rand, DB, proposed by Davis and Bouldin (1979) , CS, is proposed by Chou (2004) and Silhouette is proposed by Rousseeuw (1987) 2) ability to find the optimal number of clusters. Forty independent runs of each algorithm is taken for the algorithms those produce different results in different individual runs. The Rand, Adjusted Rand, DB, CS and Silhouette metrics values and the overall error rate of the mean-of-run solutions provided by the algorithms over the 10 datasets have been provided in Table 1 .
The error rate is defined as
where N mis is the number of misclassifications and m is the number of elements of data set original data set X. The best performance values and least performance values that found in 40 independent runs of each algorithm on each dataset is tabulated in Table2 and in Table3. Table 4 contains the obtained centroids from AMSOS for the synthetic datasets and their original cluster centroids.
Comments on the results of AMSOS
 In case of Synthetic1, Synthetic2, Synthetic3, Synthetic4 the AMSOS resulting single, robust, optimal clustering solution with least error rates compared to other existing algorithms.  Table4 demonstrates that the efficiency of AMSOS in determining optimal centroids, which are very close to the original centroids. Table 5 shows the error rates of unique solutions of SPSS, AMSOS and means of error rates of forty independent runs of ACDE, k-means, k-means++, fuzzy-k.
 The proposed AMSOS shows an improved performance of 30% over ACDE in terms of error rate.
 For the micro array data sets it is resulting single solution with error rates 35.44, 44.01 for the yeast1 and yeast2.
 The poor performance of AMSOS can be seen in the data sets which contains non separable overlapped clusters.
 The AMSOS produces 82.21% qualitative clusters in terms of Rand validity measure.
 The quality of AMSOS on all data sets is 72.15% in terms of silhouette measure.
Note: Results of CS, ARI, etc., are very much in agreement with above all observations in the performance of AMSOS, hence detailed note with respect to them is not provided to avoid duplication.
Conclusions
AMSOS is totally a non-parameter procedure. Unlike the most of the algorithms, it does not require any heuristic parameter values in advance, though it requires k as input the output does not depends on the input. Computer 
